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A B S T R A C T
Community-level approaches for pediatric asthma management rely on locally collected information derived
primarily from two sources: claims records and school-based surveys. We combined claims and school-based
surveillance data, and examined the asthma-related risk patterns among adolescent students.
Symptom data collected from school-based asthma surveys conducted in Oakland, CA were used for case
identification and determination of severity levels for students (high and low). Survey data were matched to
Medicaid claims data for all asthma-related health care encounters for the year prior to the survey. We then
employed recursive partitioning to develop classification trees that identified patterns of demographics and
healthcare utilization associated with severity.
A total of 561 students had complete matched data; 86.1% were classified as high-severity, and 13.9% as low-
severity asthma. The classification tree consisted of eight subsets: three indicating high severity and five in-
dicating low severity. The risk subsets highlighted varying combinations of non-specific demographic and so-
cioeconomic predictors of asthma prevalence, morbidity and severity. For example, the subset with the highest
class-prior probability (92.1%) predicted high-severity asthma and consisted of students without prescribed
rescue medication, but with at least one in-clinic nebulizer treatment. The predictive accuracy of the tree-based
model was approximately 66.7%, with an estimated 91.1% of high-severity cases and 42.3% of low-severity
cases correctly predicted.
Our analysis draws on the strengths of two complementary datasets to provide community-level information
on children with asthma, and demonstrates the utility of recursive partitioning methods to explore a combi-
nation of features that convey asthma severity.
1. Introduction
Despite recent data showing stabilization in asthma prevalence
(Akinbami et al., 2016), childhood asthma morbidity and mortality
remain high, particularly in urban communities (Keet et al., 2015). Due
to a variety of reasons, including socioeconomic disparities and access
to healthcare, asthma diagnosis and assessment of asthma severity are
problematic in low-income and non-White populations (Akinbami
et al., 2016; Mitchell et al., 2016; Akinbami et al., 2009). The resulting
poor asthma control in these groups is characterized largely by in-
creased hospitalizations, emergency department visits and medical
costs, health outcomes considered to be avoidable with appropriate
management (Vital, 2011; NHLBI, 2007; Barnett and Nurmagambetov,
2011; Gupta et al., 2006).
In conjunction with proper clinical management, community-level
surveillance approaches have been suggested as an appropriate strategy
to reduce asthma-related morbidity. Community-level data can provide
geographically resolved information on asthma prevalence and asthma-
related morbidity. These data can add to the general understanding of
challenges and solutions for local asthma management, while being
detailed enough to decipher unique community patterns of determi-
nants of disease morbidity, and inform asthma control and management
efforts (Asher et al., 1995; Busi et al., 2012; Magzamen et al., 2005).
Presently, community-level asthma prevalence data are limited to
two commonly described sources: administrative and healthcare claims
records, and school-based surveys. Surveillance data based on
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administrative data are generally available and accessible to re-
searchers; these data are particularly useful when the outcomes of in-
terest are objective metrics of healthcare utilization (Morris et al., 1997;
Reeves et al., 2006; Roberts et al., 2006; Labrèche et al., 2008; Walsh-
Kelly et al., 2008; Dombkowski et al., 2012; Smith et al., 2005), and by
extension, important risk factors for asthma severity and management
(NHLBI, 2007; Reeves et al., 2006; Roberts et al., 2006). However,
claims data may overrepresent the most severe and/or suboptimally
managed cases of asthma, rather than reflect the total burden of disease
in a community (Piecoro et al., 2001; Dombkowski et al., 2005). Ad-
ditionally, measures of severity such as a history of symptom type and
frequency are largely not found in the claims databases. Results of the
objective metrics of asthma severity, such as pulmonary function
testing, also tend to be absent from these sources. Consequently, ad-
ministrative and claims data may not serve as an optimal stand-alone
surveillance system for capture of the community burden of asthma.
The challenge of use of these data is developing supplementary sur-
veillance measures to augment the highlighted gaps.
School settings represent an alternative ingress point for health
surveillance data due to extensive access to members of the target po-
pulation (Quinn et al., 2006; Redline et al., 2004). School-based sur-
veillance is an efficient way to capture information on asthma-related
morbidity in communities with high pediatric asthma prevalence
(Bruzzese et al., 2009). School-based surveys may be limited by the self-
reported nature of the data and the frequent lack of objective measures
of asthma case status (Davis et al., 2008). Further, some of the measures
of asthma symptoms and severity vary temporally (Davis et al., 2008).
Data (particularly symptom type and frequency) available through
surveys can be coupled with claims data to provide a more compre-
hensive understanding of the landscape of asthma-related morbidity in
a community.
We examine the asthma-related healthcare utilization patterns
among adolescent students who are clients of a Medicaid managed care
program and have completed a school-based asthma questionnaire. This
linkage provides a comprehensive dataset with adequate community-
level prevalence and severity information in this population of children
with asthma. To identify risk factors (demographic and healthcare
utilization) that predict asthma severity, we use recursive partitioning
analysis to define key pediatric asthma severity subgroups within this
population.
2. Methods
2.1. Study population
As part of the CDC-funded Controlling Asthma in American Cities
Project, Oakland Kicks Asthma™ (OKA) (co-sponsored by the American
Lung Association of California; the University of California, Berkeley;
Children's Hospital Oakland; and the Oakland Unified School District
(OUSD)) conducted school-based asthma surveillance for adolescent
students enrolled in OUSD middle schools. From 2003 to 2008, asthma
surveillance was conducted in all OUSD middle schools (n= 20) and
three high schools at the start of each school year. Methodology and
implementation of the asthma surveillance in the OUSD has previously
been described (Magzamen et al., 2005). Briefly, a self-administered,
14-question survey based on the International Study of Asthma and
Allergy in Childhood (ISAAC) questionnaire, a standardized asthma
questionnaire used to describe the prevalence and severity of asthma
(Asher et al., 1995), was provided to students during class. The mod-
ified ISAAC survey was designed to be short, easy to complete, and
provide information not available from routine administrative health
forms. Prior to administration of the case-identification survey, parents
were sent a letter that described the project; parents were given the
option to opt-out of the survey. At the time of survey administration,
students were able to decline to participate. All activities conducted
under OKA were approved by the OUSD, the Committee for the
Protection of Human Subjects at the University of California, Berkeley,
and the Institutional Review Board at Colorado State University.
Interpretation of the survey results was based primarily on the
National Asthma Education and Prevention Program Expert Panel III
Guidelines for the Diagnosis and Treatment of Asthma (NHLBI, 2007).
Students who reported a physician diagnosis of asthma as well as a
constellation of symptoms associated with asthma-related morbidity
were classified as current asthma, and assigned into severity categories
(high- and low-severity). The high-severity students reported either a
broader range of symptoms, or higher symptom frequency compared to
low-severity students; all students who reported an ED visit were
classified as high-severity (algorithm available upon request from the
authors). All students identified as current asthma were eligible for
education and management interventions conducted by OKA. The study
survey and classification algorithm are available upon request from
authors.
2.2. Survey and medical claims data linkage
OUSD students identified as current asthma were matched to med-
ical claims data provided by the Alameda Alliance for Health (AAH),
the not-for-profit county Medicaid umbrella organization that manages
and provides health care services for low-income families in Alameda
County, CA (Fig. 1). The project established a memorandum of under-
standing with AAH for data sharing; students were matched by name,
date of birth and current address, before de-identifying the data for
analysis. Only AAH data for students who had a primary diagnosis code
for asthma (ICD-9 code of 493.xx), resided in the city of Oakland, and
who had complete records for primary language, race/ethnicity, and
residence were used for data analysis.
Healthcare utilization measures were selected based on previously
described methods (Brandt et al., 2010). Briefly, billing codes for
asthma-relevant health encounters over the year prior to completion of
the OKA survey were selected as potential covariates to explain survey-
based classification group. Tables A1 and A2 show asthma-related
billing codes collected for this analysis, as well as demographic in-
dicators from the AAH database that were included as potential ex-
planatory factors.
For final analysis we only included students with complete covariate
set in their records, completed surveys and with no eligibility gaps in
health coverage.
2.3. Statistical methods
Asthma severity profiles were created based on the characteristics of
individuals in our linked dataset using the Generalized, Unbiased,
Interaction Detection and Estimation (GUIDE) tree algorithm (http://
www.stat.wisc.edu/~loh/guide.html) (Loh, 2011; Loh, 2009), and
asthma severity categories as the outcome. GUIDE is based on recursive
partitioning (classification and regression trees), a group of non-para-
metric, exploratory techniques that capture variation of a single re-
sponse variable by repeatedly splitting data into homogenous groups
based on a set of explanatory variables (Breiman et al., 1984; Strobl
et al., 2009; Lemon et al., 2003; De'ath and Fabricius, 2000). Recursive
partitioning builds a classification rule to predict class membership
(e.g., high- or low-severity) on the basis of its associated covariates
(Zhang et al., 2001). Among other advantages over traditional para-
metric methods (Strobl et al., 2009; Lemon et al., 2003; Afonso et al.,
2012; Kuchibhatla and Fillenbaum, 2002; Speybroeck et al., 2004;
Kitsantas et al., 2006), recursive partitioning allows for flexibility re-
garding distributional assumptions and is well suited to data analyses
with limited a priori knowledge of variable relationships (Pagán et al.,
2009).
Methodology for the GUIDE algorithm is described in detail in Loh
(2009). Briefly, GUIDE uses a two-step splitting approach to identify
variables that best predict the outcome based on chi-square significance
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tests. Each independent variable was first tested for association with the
outcome, significance probability values (similar to a p-value) were
computed, and the variable with the lowest significant probability
value reserved. Subsequently, a comprehensive search was performed
on the set of all remaining significant variables and the reserved vari-
able was selected to split the node at each level; this process ran until
significant differences between groups were exhausted, or user-defined
stopping rules were met (e.g., minimum number of observations in each
group). The GUIDE algorithm was also able to identify local pairwise
interactions among the predictor variables independent of a priori
knowledge. The final tree was pruned (determining the most predictive
tree model least vulnerable to the noise in the data) based on a 10-fold
cross-validation criterion to minimize the unbiased estimate of mis-
classification cost. Misclassification cost is a measure of error that re-
sults from wrongly classifying an individual's outcome based on their
exposure profile. The GUIDE algorithm uses this cross-validation tech-
nique to estimate the misclassification cost of each subtree it creates,
and chooses an optimal tree with the lowest estimated cost (Loh, 2011;
Yao et al., 2009). To reduce the effect of split-domination (i.e., large
difference among the class observation numbers may cause GUIDE to
predict the same class at all the splitting intervals) in our resulting trees,
we apportioned equal priors to each class in our analysis. Therefore,
class prior probabilities represent the probability of being in the high-
severity group given that the prior probability that a student belongs to
either of the two groups is equal. Additional model-specific pseudocode
for analytic choices (including split type, classification model choice,
pruning and cross-validation methods) is included in the Supplemen-
tary material (Fig. A1, Table A3).
3. Results
Over the five-year study period, 13,627 students completed the
OUSD survey. A total of 2377 (17.4%) students were classified as cur-
rent asthma, with 2033 (85.5%) of these students classified as high-
severity asthma and 344 (14.5%) as low-severity asthma. We identified
652 (27.4%) OUSD students with asthma who completed the surveil-
lance questionnaires and were AAH patients. Approximately 7% of
these matched students (n=47) were excluded from the study
population due to eligibility gaps in healthcare coverage. In addition,
we excluded 44 students who had incomplete demographic information
in their AAH records resulting in 561 students with complete claims
records (Fig. 1). This final study population included 86.1% high-se-
verity asthma students (n=483) and 13.9% low-severity asthma stu-
dents (n=78). The proportion of students classified as high and low
severity in the matched data set did not differ significantly from the
severity classifications of the study population (p= 0.7).
Demographic and health care utilization information for the study
population are presented by outcome categories in Table 1. The ma-
jority of students reported ethnicity as non-Hispanic Black (63.5%),
spoke English at home (72.9%), and were registered with the MediCal®
health care group (90.7%). Compared to the low-severity asthma group,
students classified as high-severity asthma were significantly more
likely to be non-Hispanic Black (p= 0.008), more likely to be on con-
troller medication (p=0.015), but less likely to be on prescribed rescue
medications (p= 0.002).
3.1. Summary of final GUIDE tree
A classification tree that predicts severity class generated by the
GUIDE algorithm from the set of predictor/candidate variables is pre-
sented in Fig. 2. Tree interpretation is based on node pathways starting
at the top of the tree (root node) and evaluating the prediction (clas-
sification) rules at each branch along the pathway until a terminal node
is reached (Khan et al., 2015). The splitting variables at each level are
shown labeled beside each node; upon satisfaction of the preset con-
dition for the variable beside the labeled node, a defined occurrence
goes to the left of the tree structure if the condition is met (e.g., in the
topmost root node if the student is on prescribed rescue medication
[Rescue Meds=Yes]), and to the right of the tree if unmet (student is
not on prescribed rescue medication [Rescue Meds≠ Yes]). Each
terminal node represents predicted high or low-severity classes of
asthma as indicated below the nodes; sample sizes for the severity
groups are included beside each terminal node. Each low-severity
asthma observation was treated as equivalent to 6.2 (483/78) high-
severity asthma observations to prevent split-domination by the much
larger high-severity asthma outcome class. The optimal split of our
Fig. 1. Flow chart showing study participants selection from the Oakland Unified School District. The study connects the surveyed students with asthma to a health insurance claims
database. Abbreviations: OUSD, Oakland Unified School District; AAH, Alameda Alliance for Health.
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entire sample was on the variable “prescribed rescue medications”
(Fig. 2). The group on the right (students with no prescribed rescue
medication) contained a larger proportion of children with high-se-
verity asthma (281/483= 58.2%) than the one on the left (students
with prescribed rescue medication; 41.8% high-severity asthma).
The eight predicted risk subsets for the asthma severity groups are
presented in Table 2. For example, if a student was on prescribed rescue
medications and was not Hispanic or White Non-Hispanic, the like-
lihood to be in the high-severity asthma group was 50.1% (Subset 4).
Conversely, if a student was on prescribed rescue medications, was
living in a home where the primary language group (spoken at home)
was Spanish, and was Hispanic or White non-Hispanic, the likelihood to
be in the low-severity asthma group was 56.3% (Subset 1). Terminal
Subsets 4, 5 and 8 all predicted high-severity asthma, and terminal
Subsets 1, 2, 3, 6 and 7 predicted low-severity asthma. The probability
of being in the high-severity group was highest in Subset 5 (class
probability: 92.1%), and lowest in Subset 2 (class probability: 19.0%).
Table 2 and the tree highlight the importance, in combination, of
demographic risk variables (ethnicity and primary language spoken at
home) and healthcare utilization variable (use of rescue medication,
frequency of nebulizer use and outpatient visits) groupings in pre-
dicting asthma severity class. However, the presence of a particular risk
variable in a subset was not consistently related to the classification of
the outcome. The value of the covariate, in addition, was also an im-
portant determinant of subgroup segmentation. For example both
subsets 4 and 5 predicted high-severity asthma, but while subset 4
consisted of non-Hispanic Black students on prescribed rescue medi-
cation, subset 5 consisted of students currently not on prescribed rescue
medication, but with at least one time in-clinic nebulizer treatment in
the past 6months. Another element highlighted by the tree is the in-
consistent relationship with severity and outpatient visits. Among stu-
dents currently not on prescribed rescue medication with no in-clinic
nebulizer treatment in the past six months and whose primary language
spoken at home was Spanish, English or an Asian language, two-three
outpatient visits in the past 6months predicted low-severity asthma
(Subset 7). However, having less than two, or more than three out-
patient visits among a group with similar variable characteristics pre-
dicted high-severity asthma (Subset 8).
We show the overall predictive accuracy of our tree-based model
using the resubstituted estimate of the mean misclassification cost in
Table 3. The 10-fold cross-validated estimate of misclassification error
in the final model was 0.33 (i.e., there was about a 33% chance of
misclassifying a student's asthma severity group).
Table 1
Study population demographic and healthcare utilization data by outcome categories.
Variable Total Low-severity High-severity χ2 p-value
N (%) 561 78 483
Sex
Female 281 (50.1) 35 (44.9) 246 (50.9) 0.32
Age
≤11 years 274 (48.8) 39 (50.0) 235 (48.7) 0.96
12 years 158 (28.2) 21 (26.9) 137 (28.3)
≥13 years 129 (23.0) 18 (23.1) 111 (23.0)
Race/ethnicity
Non-Hispanic Black 356 (63.4) 39 (50.0) 317 (65.6) 0.01
Non-Hispanic White 89 (20.7) 13 (16.7) 76 (15.7)
Hispanic 116 (15.9) 26 (33.3) 90 (18.6)
Primary language group
Asian 79 (14.1) 18 (23.0) 61 (12.6) 0.07
English 409 (72.9) 53 (68.0) 409 (73.7)
Spanish 67 (11.9) 7 (9.0) 67 (12.4)
Other 6 (1.1) 0 (0.0) 6 (1.3)
Health insurance group
FCP 3 (0.5) 0 (0.0) 3 (0.6) 0.08
HFP 48 (8.6) 7 (9.0) 41 (8.5)
HKP 1 (0.2) 1 (1.3) 0 (0.0)
MCAL 509 (90.7) 70 (89.7) 439 (90.9)
Health insurance plan
COMM 3 (0.5) 0 (0.0) 3 (0.6) 0.12
HFP 48 (8.6) 7 (9.0) 41 (8.5)
HKP 1 (0.2) 1 (1.2) 0 (0.0)
MCAL 467 (83.2) 66 (84.6) 401 (83.0)
MCF 42 (7.5) 4 (5.1) 38 (7.9)
Any allergy diagnosis
Yes 266 (47.4) 32 (41.0) 234 (48.5) 0.22
Inpatient visit
None 531 (94.6) 75 (96.2) 456 (94.4) 0.53
≥1 30 (5.4) 3 (3.8) 27 (5.6)
ER visit
None 416 (74.2) 64 (82.1) 352 (72.9) 0.05
1 76 (13.5) 11 (14.1) 65 (13.4)
> 1 69 (12.3) 3 (3.8) 66 (13.7)
Outpatient visit
0 117 (20.8) 19 (24.4) 98 (20.3) 0.31
1 127 (22.6) 15 (19.2) 112 (23.2)
2 88 (15.7) 15 (19.2) 73 (15.1)
3 57 (10.2) 11 (14.1) 46 (9.5)
> 3 times 172 (30.7) 18 (23.1) 154 (31.9)
Outpatient treatment
0 438 (78.1) 70 (89.7) 368 (76.2) 0.02
1 77 (13.7) 7 (9.0) 70 (14.5)
> 1 46 (8.2) 1 (1.3) 45 (9.3)
Visited a specialist
None 544 (97.0) 73 (93.6) 471 (97.5) 0.06
≥1 17 (3.0) 5 (6.4) 12 (2.5)
HEDIS defined controller meds
0 358 (63.8) 61 (78.2) 297 (61.5) 0.02
1 104 (18.5) 10 (12.8) 94 (19.5)
2 99 (17.7) 7 (9.0) 92 (19.0)
HEDIS defined rescue meds
Yes 249 (44.4) 47 (60.3) 202 (41.8) <0.01
Prednisone prescription
0 517 (92.2) 76 (97.4) 441 (91.3) 0.06
≥1 44 (7.8) 2 (2.6) 42 (8.7)
Nebulizer treatment
0 457 (81.5) 71 (91.0) 386 (79.9) 0.06
1 62 (11.0) 5 (6.4) 62 (11.8)
> 1 2 (7.5) 2 (2.6) 42 (8.3)
Influenza/pneumonia vaccine
0 396 (70.59) 55 (70.51) 341 (70.60) 0.99
≥1 165 (29.41) 23 (29.49) 142 (29.40)
Table 1 (continued)
Variable Total Low-severity High-severity χ2 p-value
N (%) 561 78 483
Home asthma equipmenta
0 523 (93.2) 76 (97.4) 447 (92.5) 0.11
≥1 38 (6.8) 2 (2.6) 36 (7.5)
Pulmonary function testing
0 364 (64.9) 55 (70.5) 309 (64.0) 0.52
1 97 (17.3) 11 (14.1) 86 (17.8)
2 44 (7.8) 7 (9.0) 37 (7.7)
> 2 56 (10.0) 5 (6.4) 51 (10.5)
Comorbidity
Yes 162 (28.9) 22 (28.2) 140 (29.0) 0.89
Statistically significant (p < 0.05) results are bold.
Abbreviations. HEDIS: Healthcare Effectiveness Data and Information Set; FCP: Family
Care Program; HFP: Healthy Families Program; HKP: Healthy Kids Program; MCAL: Medi-
Cal Program; COMM: Community Health Program; MCF: Children's First Medical group.
a Home nebulizers for aerosolized bronchodilator administration was the primary
home asthma equipment.
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4. Discussion
Community-level pediatric and adolescent asthma surveillance has
become increasingly important given demographic, location and
healthcare utilization differences in asthma risk factor distribution,
prevalence and severity spectrum (Akinbami et al., 2009; Vital, 2011;
Asher et al., 1995; Roberts et al., 2006; Davis et al., 2008). Given that
one of the primary objective of community-based surveillance ap-
proaches is to identify asthma severity risk groups for adequate plan-
ning and management, it is key that these programs are based on
comprehensive data (Reeves et al., 2006; Borowsky et al., 2013;
Magzamen et al., 2014). Our study presents the use of data linkage and
a predictive population segmentation technique to create asthma se-
verity risk profiles based on community-level data.
Linkage of survey and administrative data appears to be an efficient
way to obtain reliable health profile data (Hure et al., 2015; Gresham
et al., 2015; Kreuter et al., 2010; Young et al., 2001; Sakshaug and
Kreuter, 2012; Cullen et al., 2006). Our analysis draws on the strengths
of two distinct yet complementary datasets frequently used in asthma
epidemiology: a community-based survey and medical claims data. The
AAH claims data provided important information on socioeconomic
descriptors and healthcare utilization measures such as outpatient
visits, in-clinic treatment and prescribed medications over the last ca-
lendar year. These claims data, however, lacked detailed information
on symptom and severity variables such as presence and frequency of
Fig. 2. Classification tree for predicting SEVERITY using univariate, kernel discrimination node models, equal priors and unit misclassification costs. At each split, an observation goes to
the left branch if and only if the condition is satisfied. For splits on categorical variables, values not present in the training sample go to the right. Predicted classes (based on estimated
misclassification cost) are printed below terminal nodes; sample sizes for SEVERITY=High and Low, respectively, beside nodes. To reduce the effect of split-domination, equal priors
were assigned to each outcome class; each ‘low-severity’ asthma observation was treated as equivalent to 6.2 “high-severity” asthma observations.
Table 2
Risk characteristics of classification tree terminal subsets.
Terminal subset Risk characteristics of subjects in subset Class prior srobabilitiesa,b Predicted class
1 Rescue Meds=Yes; Ethnicity=Hispanic or White Non-Hispanic; Primary Language group (spoken at
home)= Spanish
0.44 Low
2 Rescue Meds=Yes; Ethnicity=Not Hispanic or White Non-Hispanic; Primary Language group (spoken at
home)=Not Spanish; Gender=Male; Primary Language group (spoken at home)=Other or English/Asian
Other (0.14) Low
English/Asian (0.24)
3 Rescue Meds=Yes; Ethnicity=Hispanic or White Non-Hispanic; Primary Language group (spoken at
home)=Not Spanish; Gender=Male
0.28 Low
4 Rescue Meds=Yes; Ethnicity=Not Hispanic or White Non-Hispanic 0.50 High
5 Rescue Meds=No; Nebulizer=≥ 1 time treatment 0.92 High
6 Rescue Meds=No; Nebulizer=No treatment; Primary Language group (spoken at home)=Other;
Age=≥ 13 years/<13 years old
≥13 years (0.20) Low
<13 years (0.48)
7 Rescue Meds=No; Nebulizer=No treatment; Primary Language group (spoken at home)= Spanish, English or
Asian; Outpatient Visits= 2 or 3 times in previous 6months; Age= 12 years/≠12 years old
12 years (0.19) Low
≠12 years (0.48)
8 Rescue Meds=No; Nebulizer=No treatment; Primary Language group (spoken at home)= Spanish, English or
Asian; Outpatient Visits≤ 2 times in previous 6months OR>3 times in previous 6months
0.77 High
a To reduce the effect of split-domination, we apportioned equal priors to each class in our analysis with each “low-severity” asthma observation treated as equivalent to 6.2 ‘high-
severity’ asthma observations.
b The probability of being in high-severity group (a priori set cutpoint: 0.50).
Table 3
Classification Matrix for Establishing Accuracy of Model.
Predicted class True class
High Low
High 440 (91.1%) 45 (57.7%)
Low 43 (8.9%) 33 (42.3%)
Total 483 (100.0%) 78 (100.0%)
Resubstitution est. of mean misclassification cost= 0.33.
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symptoms like wheezing, coughing and nocturnal dyspnea. Our ISAAC-
based asthma questionnaire obtained this supplementary information,
which is essential for assessing symptoms, response to treatment, and
ultimately severity categories.
Recursive partitioning or tree-based methods have been im-
plemented in asthma surveillance and management studies (Gorelick
et al., 2008; Barton et al., 2005; Lieu et al., 1998; Peters, 2006). In a
case-control study to investigate the effects of psychosocial risk factors
on asthma mortality, Barton et al. (2005) used the Chi-Square Auto-
matic Interaction Detection (CHAID) recursive partitioning algorithm
to show that family and psychosocial problems were associated with an
increased risk of mortality for patients who did not have an asthma
action plan (Barton et al., 2005). Using logistic regression and then
recursive partitioning, Gorelick et al. (2008) found that clinical score
and number of albuterol treatments given in the ED accurately dis-
tinguished between patients who could be discharged from the ED
without subsequent relapse, and patients who had a need for further
inpatient care (Gorelick et al., 2008).
Through application of recursive partitioning to our linked dataset,
we identified mutually exclusive subgroups (for high and low asthma
severity) of children that were relatively homogenous with respect to
important risk variables. Classification trees produced by GUIDE and
other tree-based algorithms tend to be intuitively more appealing than
statistical or arithmetic scores, especially in settings where decisions are
made based on practical or logical delineation of determinants
(Marshall, 2001). We demonstrate that recursive partitioning methods
can also play an important part in efficient analysis of available sur-
veillance data because this method does not have restrictions by sample
size, number of predictor variables or limited a priori knowledge of
variable relationships, as highlighted in previous literature (Strobl
et al., 2009; Lemon et al., 2003; Pagán et al., 2009). Compared to other
recursive partitioning techniques (for example, CART, C4.5 and
CHAID), the GUIDE algorithm used in our study has the added ad-
vantage of building more parsimonious and precise tree structures by
reducing selection bias observed with other recursive partitioning
methods (i.e., every predictor variable has an equal chance to be se-
lected to be a split variable if the outcome is truly dependent on it)
(Loh, 2011; Loh, 2009). GUIDE also offers more robust options for tree
pruning (using cross-validation or test-sample pruning) and fitting
nontrivial models (kernel and nearest-neighbor models) to the nodes
(Loh, 2009; Khan et al., 2015).
Our results highlight some important groups, which based on our
severity criteria, provide suitable guidance for monitoring and inter-
vention in this asthma population. For example, Subset 5 describes a
homogenous high-severity asthma risk (92.1% probability) subset of
students who are not taking prescribed rescue medication but have
needed in-clinic nebulizer treatment at least once in the past 6months.
This finding can inform asthma intervention programs among similar
children in the population, as well as help improve subsequent asthma
management and surveillance methods (e.g., streamlining survey
questions to include nebulizer/rescue medication attitude and prac-
tices). Another notable feature among the high-severity risk subsets is
the combined group characteristic of terminal Subset 8. This subset
highlights the risk associated with children currently not on controller
or maintenance medication, but who either had limited (< two visits)
or many (> three visits) outpatient clinic visits for asthma. These fea-
tures may be due to the influence of low socioeconomic status and
components of poor asthma management, which can result in increased
risk of adverse asthma-related outcomes (Akinbami et al., 2009; Zahran
and Bailey, 2013; Akinbami et al., 2011). Other subsets provide addi-
tional information on risk profiles in this community. For example,
Subset 1 describes a homogenous, low-severity asthma risk group and
contains Hispanic and White Non-Hispanic male students currently on
rescue medication, whose primary language group is not Spanish. This
information may be useful in implementing a targeted management
solution specific to groups at low risk for asthma complications.
Our recursive partitioning technique resulted in highly sensitive but
non-specific predictions. In the context of making asthma management
decisions, this means the model may serve as useful first-line form of
testing when predicting severe cases of pediatric asthma for which the
goal is to minimize the false negative rate at the expense of increasing
the false positive rate.
There are several limitations to this study. First, non-coverage and
eligibility issues reduced our effective sample size. Approximately 75%
of the students who participated in the surveillance were not AAH
members. An additional 47 students who were AAH members had
eligibility gaps and were not included in the analysis. It is difficult to
attribute representativeness to our limited study population regardless
of features of our recursive partitioning algorithm. Second, the use of
billing data may lead to a potential misclassification of the outcome
usually as a result of inconsistent definitions and classifications of
asthma (Dombkowski et al., 2005). With regard to the previously
mentioned coverage and eligibility gaps for several students in this
analysis, absence of healthcare utilization records may indicate changes
in income, geography, or family structure (with families moving in and
out of healthcare organizations), and not necessarily the absence of an
encounter for a given period. Further, directly linking prescription re-
cords to actual frequency or correct use of the medication is not without
flaws. By linking such administrative data with surveillance data, we
attempted to reduce this bias. Third, the self-reported nature of our
survey data may have also resulted in outcome misclassification via
either recall bias or misreporting, although linkage with administrative
data likely minimized this information bias. Lacking pulmonary func-
tion testing, our data did not allow us to distinguish between children
with clinically severe asthma and students with poorly controlled or
mismanaged asthma from the survey, we believe that the “high-se-
verity” classification potentially reflects both sets of children. Finally,
one of the main criticisms levied against tree-based algorithms is their
inability to produce individual exposure-effect estimates (Lemon et al.,
2003; Kuchibhatla and Fillenbaum, 2002; Kitsantas et al., 2006). We
built our trees to predict and highlight characteristics of asthma se-
verity groups for more focused asthma management approaches, and
not tailored for estimating direct effects of risk factors on asthma se-
verity. Our study population was diverse but not necessarily re-
presentative of the general US pediatric asthma population; healthcare
utilization patterns of patients (in particular) may differ from other
populations. We have not had the opportunity to validate our algorithm
with additional data; future studies should aim to validate our linkage
and data segmentation methodology in other population settings.
We illustrate the complementary relation between community-level
asthma survey data and medical claims data, and highlight potential
approaches for community-based asthma surveillance to leverage data
linkage. It is important to consider the creation of a varied portfolio of
management plans conceivably based on predictive population seg-
mentation techniques. The relative ease (access and implementation) of
our technical approach for population segmentation results in bene-
ficial predictive design that can provide a template for clinicians and
local public health officials to optimize asthma patient management
plans.
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